The diversity of B cell receptors provides a basis for recognizing numerous pathogens. Antibody 23 repertoire sequencing has revealed relationships between B cell receptor sequences, their 24 diversity, and their function in infection, vaccination, and disease. However, many repertoire 25 datasets have been deposited without annotation or quality control, limiting their utility. To 26 accelerate investigations of B cell immunoglobulin sequence repertoires and to facilitate 27 development of algorithms for their analysis, we constructed a comprehensive public database of 28 curated human B cell immunoglobulin sequence repertoires, cAb-Rep (https://cab-29 rep.c2b2.columbia.edu), which currently includes 306 immunoglobulin repertoires from 121 30 human donors, who were healthy, vaccinated, or had autoimmune disease. The database contains 31 a total of 267.9 million V(D)J heavy chain and 72.9 million VJ light chain transcripts. These 32 transcripts are full-length or near full-length, have been annotated with gene origin, antibody 33 isotype, somatic hypermutations, and other biological characteristics, and are stored in FASTA 34 format to facilitate their direct use by most current repertoire-analysis programs. We describe a 35 website to search cAb-Rep for similar antibodies along with methods for analysis of the 36 prevalence of antibodies with specific genetic signatures, for estimation of reproducibility of 37 somatic hypermutation patterns of interest, and for delineating frequencies of somatically 38 introduced N-glycosylation. cAb-Rep should be useful for investigating attributes of B cell 39 sequence repertoires, for understanding characteristics of affinity maturation, and for identifying 40 potential barriers to the elicitation of effective neutralizing antibodies in infection or by 41 vaccination. 42 43
90
A database of curated BCR repertoires could, moreover, be used to investigate SHM preference 91 and mechanisms of affinity maturation. Antibodies accumulate mutations with high preference 92
determined by both intrinsic gene mutability and functional selection (Murphy, 2014; Odegard 93
and Schatz, 2006) . We previously developed gene-specific substitution profiles (GSSPs) to 94 characterize positional substitution types and frequencies in 69 human V genes (Sheng et In this study, we constructed a database of curated human B cell immunoglobulin sequence 104
repertoires (cAb-Rep) from 306 high quality human repertoires, and developed methods to 105 search cAb-Rep using either sequence or sequence signature. We used the database to construct 106
GSSPs for 102 human antibody V genes and developed a script to identify rare SHMs in input 107
sequences. We evaluated the robustness of query results relative to the number of repertoires, 108
using antibody prevalence estimates as a test case. In summary, the database developed here 109 should help to investigate B cell repertoire features, to find antibody templates for vaccine design, 110
and overall to understand mechanisms of antibody development. 111 112
Materials and Methods: 113 BCR repertoire dataset 114 We assembled a total of 376 BCR repertoire datasets from 108 human donors deposited in the 115 NCBI short reads archive (SRA) database (https://www.ncbi.nlm.nih.gov/sra). These repertoires 116
were all sequenced using illumina MiSeq or HiSeq and were published in 9 studies (Table 1) . In 117 addition, annotated full length sequences of three donors (sequenced by AbHelix with high depth 118
or HD repertoires, ~10 8 high quality sequences per donor) (Soto et al., 2019) and the near full 119 length V(D)J sequences (sequenced with framework 1 region primers) from ten HD repertoires 120
(Briney et al., 2019) were downloaded from the links provided by the authors. 121 122
Next-generation sequencing data processing 123
The NGS data were analyzed with the SONAR pipeline, version 2.0 124 (https://github.com/scharch/sonar/) developed in our lab (Schramm et al., 2016) . Briefly, 125
USEARCH was used to merge the 2x300 raw reads to single transcripts and to remove 126 transcripts potentially containing more than 20 miscalls calculated from sequencing quality score 127 (Edgar and Flyvbjerg, 2015) . Merged transcripts shorter than 300 nucleotides were removed. was identified from BLAST alignment using the conserved 2 nd Cysteine in V region and WGXG 131 (heavy chain) or FGXG (light chain) motifs in J region (X represents any of the 20 amino acids). 132
To assign an isotype for each heavy chain transcript, we used BLAST with default parameters to 133 search the 3' terminus of each transcript against a database of human heavy chain constant 134 domain 1 region obtained from the international ImMunoGeneTics information system (IMGT) 135 database. A BLAST E-value threshold of 1E-6 was used to find significant isotype assignments. 136 Then, sequences other than the V(D)J region of a transcript were removed and transcripts 137 containing frame-shift and/or stop codon were excluded. 138 139
We then applied two approaches to remove PCR duplicates and sequencing errors. Signature prevalence and rarefaction analysis 180
We developed a python script, Ab_search.py, to search the BCR repertoire database in two 181 modes: signature motif and full V(D)J sequence. Briefly, in the signature searching mode, an  182  amino acid signature motif from either CDR3 region or other positions of interest (defined with  183 the Kabat, Chothia, and IMGT numbering scheme) is converted to python regular expression 184
format and searched against all transcripts in the database. For the sequence searching mode, 185 BLAST+ is called to find similar transcripts with E-value less than 1E-6 (Camacho et al., 2009). 186
Signature frequency in each repertoire is calculated by dividing the number of matched 187 transcripts with the total number of unique transcripts originated from the same germline gene or 188
allele.
190
To evaluate the effect of number of repertoires on estimation of signature frequency, we 191 performed rarefaction analysis by sampling subset repertoires from PBMC samples (1 to 35).
192
For each repertoire size , the random sampling was performed N times (we used N=20 in the 193 current study) and the mean signature frequency from each sampling ! was calculated. Then the 194 coefficient of variance for each , ! , was calculated as: 195
Identification of antibody clones and Construction of GSSPs 197
For each repertoire, we first sorted all transcripts to groups based on identical V and J gene 198
usages. For each group, transcripts with 90% CDR3 sequence identity and the same CDR3 199 length were clustered into clones using USEARCH. One representative sequence was selected in 200 each clone and representative transcripts from all repertoires were combined to build GSSPs for 201 V genes using mGSSP (Sheng et al., 2017) . We exclude GSSPs built with less than 100 clones 202 because of lack of information (Sheng et al., 2017) . A python script, SHM_freq.py, was 203 developed to identify SHMs in an input sequence, to search the GSSP of an assigned V gene, and 204
to output the rarity of each mutation, calculated as: Rarity = (1 -Frequency of mutation) * 100%. 205 206
Construction of gene-specific N-glycosylation profile 207
Glycosylation sites for sequences having SHMs greater than 1% in the unique datasets of healthy 208 and vaccination donors were predicted using an artificial neural network method NetNGlyc v1.0 209 (http://www.cbs.dtu.dk/services/NetNGlyc/) (R. Gupta et al., 2004) . Predictions with high 210 specificity (potential greater than 0.5 and jury agreement of 9/9) and do not match Asn-Pro-211
Ser/Thr motifs were included. N-glycosylation sites encoded in germline genes were excluded. 212 213
Statistical tests 214
ANOVA and T tests were performed in R.
216
Results: 217 cAb-Rep contains a diverse compendium of annotated next-generation sequencing datasets 218
We first assembled 376 BCR repertoire deep sequencing data sets from NCBI SRA database, 219 each sequenced by Illumina MiSeq or HiSeq and with library preparation protocols to cover full 220 length V(D)J region (5' primers at leader regions or 5' Rapid amplification of cDNA ends 221 (RACE), 3' primers targeting constant region 1 ) or near full length (5' primers at N-terminus of 222 framework 1 region). These datasets contain a total of 247 million raw reads (Table 1 and S1).
223
We performed quality control including removing sequencing errors, PCR crossover, PCR 224 duplicates, and annotated each sequence using SONAR (See Methods and Fig.1 (Table S1 ). Thus, cAb-Rep contains BCR repertoire data in different 242 settings, which will enable cross-study comparisons.
244
For each transcript in cAb-Rep, we numbered positions using Kabat, Chothia, and IMGT 245 schemes ( Fig. 1) , and annotated gene origin, CDR3 sequence and length, somatic hypermutation 246 level, isotype, donor, and clonotype. These curated datasets can be used for downstream analyses. 247
The transcripts are stored in FASTA format with annotation information in the header line of 248 each transcript. Such a format can be easily altered to feed into other programs for repertoire 249 analysis. 250 251
Because the 13 HD repertoires contains over 330 million unique sequences, to avoid sampling 252 bias for profile constructions and improve speed of searching cAb-Rep (see sections below), we 253 randomly selected 20,000 unique sequences of each isotype of each repertoire and combined 254
with the rest of repertoires for all analyses below. Nonetheless, in case rare events of BCR 255 signatures are of interests, we provided an option in our scripts and at cAb-Rep website to search 256 the 13 HD repertoires alone. 257 258
Ab_search identifies similar antibody transcripts and estimates signature frequency 259
To identify antibody transcripts of interest from cAb-Rep, we developed a python script, 260
Ab_search.py. The script accepts sequences or amino acid motifs as input and output frequency 261
of the signature and matched sequences (See Materials and Methods). Here, as examples, we 262 searched transcripts having signature motifs of a selected malaria antibody class in PBMC BCR 263 repertoires or of a selected HIV-1 bnAb classes in IgM and IgG repertoires (Fig.2) . 264
265
The selected malaria antibody class contains both heavy (IGHV3-33 gene with a tryptophan at 266 position 52) and light chain (IGKV1-5 gene with 8 amino acid CDRL3) signatures (Imkeller et  267 al., 2018). The heavy chain signature was observed with a frequency of 3.2% ± 0.94% in 15 268 PBMC repertoires in healthy donors ( Fig.2A ), the light chain signature was found with a 269 frequency of 1.24% ± 0.18% in 17 healthy donor PBMC repertoires. All healthy donors we [EQ]-X. Searching cAb-Rep with these signatures showed that the heavy chain allele for VRC01 280 appears in IgM and IgG repertories with similar frequencies (2.7%±1.9% and 2.85%±2.13% 281 respectively) ( Fig. 2B ). Further, VRC01 light chain-like transcripts were found in ~33% of 282 donors, with overall frequencies of 0.005%±0.0098% in PBMCs ( repertoires on prevalence prediction, we performed rarefaction analysis to sample a subset of 291 repertoires (ranging from 1 to 35) with each subset randomly sampling 20 times to calculate 292 frequencies of the malaria IGHV3-33/IGKV1-5 class and VRC01 class light chain signatures. 293
For each sampling size, we calculated the coefficient of variation (standard deviation/mean) to 294 measure the degree of variation among sampling repeats ( Fig. 2D ). For both signatures, our 295 analysis revealed that the coefficient of variation decreases dramatically when the sampling size 296 increases to 10 or more. This suggests that 10 or more repertoires will be optimal to have a 297 consistent estimation of signature frequency. 298 299
Gene-specific substitution profiles and substitution frequency analysis 300
To investigate substitution preferences in V genes, we predicted new germline genes in the 301 database, clustered transcripts in each repertoire into clones, and selected one representative 302 sequence per clone to build gene-specific substitution profiles (GSSPs) (see Methods). Overall, 303
we identified 5 novel heavy chain alleles, 2 novel lambda chain alleles, and 1 kappa chain allele, 304 each of which was found in two or more donors. By incorporating germline gene sequences in 305
database and prediction, we built GSSPs for 102 human V genes, compared to GSSPs built for 306 69 genes using three repertoires in our previous study. Our analysis further showed that the 307
GSSPs of the two studies are highly consistent (r = 0.983 for IGHV1-2 gene, Fig. 3A ).
309
To facilitate exploring substitution preference, we developed a python script, SHM_freq.py, to 310 identify mutations in an input sequence, call the GSSP of corresponding V gene, and find the 311 frequency of the mutation being generated by the somatic hypermutation machinery. To 312 demonstrate how this information can be helpful, we analyzed frequencies of substitutions 313 observed in the heavy chain of VRC01 class bnAbs (Fig. 3B ). This analysis showed that all 314 lineages in this class contain over 30% mutations, with ~30% of the mutations being low 315 frequency or rare mutations (frequency <0.5% in IGHV1-2 GSSP). Functional studies have 316
shown that some rare mutations are essential for function ( to antibodies by V(D)J recombination and somatic hypermutation processes. To understand the 329 frequency and preference of PTMs generated by somatic hypermutation, as an example, we 330
predicted V-gene-specific frequency of N-glycosylation sequons at each position using healthy 331
and vaccination donor unique sequences that having more than 1% SHM. Overall, consistent 332
with previous study (van de Bovenkamp et al., 2018), the predicted N-glycosylation sites are 333 enriched in CDR1, CDR2, and framework3 regions, but different genes have different hotspots 334
for glycosylation ( Fig. 4A ). Structural analysis showed that the side chains of these hotspot 335
positions are surface-exposed ( Fig. 4B ), suggesting these sites are spatially accessible for 336 modification. We think the GSNPs provide information for further experimental validation and 337 investigations of functions of N-glycosylations. 338 339 cAb-Rep website to search frequencies of signature motif and SHM 340
While we developed scripts to search cAb-Rep, these may not be friendly to users not familiar 341 with programing. Therefore, we developed a website for searching cAb-Rep (https://cab-342
rep.c2b2.columbia.edu/). The website implements all functions of the scripts we developed 343 above, including querying cAb-Rep using the three signature modes (CDR3, position, BLAST) 344
with specified isotype, numbering scheme, and VJ recombinations, identifying rare SHMs for an 345 input sequence, and showing the GSSP of a V gene (Fig. 5 sequencing, we believe more paired heavy-light chain transcripts will be incorporated, which 356
will greatly advance functional characterization of BCRs. We will continue to update this 357 database to include more disease conditions as well as those from animal models.
359
In cAb-Rep, we incorporated BCR datasets sequenced both with and without UMI. Besides 360
filtering out transcripts with low sequencing quality, different approaches were used to identify 361 high quality transcripts. For repertoires sequenced using UMI, we used the UMI information to 362 generate consensus sequences, which has been proven effective at removing sequencing errors 363 (Khan et al., 2016) . For BCR repertoires sequenced without UMI, we used a clustering approach, 364 which we first sorted transcripts based on redundancy and selected transcripts with the most 365 redundancy as seeds to cluster transcripts at a given identity cutoff and only used the seeds as 366
high quality transcripts. The assumption is that each B cell contains multiple BCR mRNA 367 molecules and the original BCR could be PCR amplified and sequenced with many copies. 368
Sequencing errors and PCR crossover are rare and close to random events (Schirmer et al., 2015), 369
sequences containing sequencing errors are likely a few hamming distance away from the seed 370 transcripts or appear as singletons after clustering. Thus, removing transcripts highly similar to 371 the seed transcripts and singletons will remove many sequencing errors, although we may lose a 372 portion of biological transcripts with low sequencing coverage. This approach is proven effective includes curated repertoire data deposited by researchers, these curated datasets are processed 386 using different bioinformatics pipeline and parameters (germline gene database, exclusion of 387 redundancy, etc.), which may introduce bias when performing statistical analysis across studies. 388
Another B cell repertoire database is available, but only includes repertoires from three donors 389
(DeWitt et al., 2016). Moreover, the 13 HD curated BCR repertoires, which provide high depth 390
BCR diversity information, haven't been incorporated in other databases. These datasets increase 391
the statistical power to study features as well as rare events of BCR diversity. 392 393
The second goal of cAb-Rep is to advance the investigation of functions of somatic 394 hypermutation, which, as far as we know, is not available in other B cell repertoire databases. 395
We provide a query portal and GSSPs for human antibody V genes to understand gene-and 396 positional-specific substitution preferences. We also predicted gene-specific frequencies of N-397 glycosylation in human antibody V genes. Such sequence-derived information, together with 398
functional study, is critical to identify common mechanism of SHM functioning and understand accelerate SHM studies. In the future, we will collect literatures to annotate functions of SHM as 403 well as develop new tools to predict functions of SHM. A portal in cAb-Rep will be created to 404 query functions of SHM, which will elucidate the relations of antibody sequence, structure, and 405 function and provide knowledge for antibody design. 406 407
In summary, we believe cAb-Rep and the tools developed in this study are complimentary to 408 other B cell repertoire databases, and will be helpful to researchers not familiar with repertoire 409
annotation to explore features of repertoires and compare datasets across studies and diseases. 410 411
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